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Abstract 
This paper investigates the role of assortment size in sellers’ performance in the e-commerce context, 
which has been primarily associated with lowered search costs and switching costs. However, in 
contrast to the findings in the literature, our theoretical analysis postulates an inverted U-shaped 
association, showing that performance of online sellers increases and then decreases as the 
assortment size becomes larger. The nonlinear effect can be effectively explained by the interplay 
between the benefits derived from simultaneous consumer utility and the liabilities derived from the 
competition-intensifying effect. Additionally, the optimal level of assortment size is reduced when 
market density or product uncertainty is high. Using a data set of 10,000 online sellers from a large 
e-commerce platform, our hypotheses concerning the inverted U-shaped curve and moderation 
effects of market density and product uncertainty are statistically supported. Our research contributes 
to the assortment literature by revealing the special effects of assortment size in the online retailing 
context, and provides practical implications for online sellers’ assortment planning and optimization 
under both general settings and specific conditions. 
Keywords: Assortment Size, Online Seller Performance, Simultaneous Consumer Utility, 
Competition-Intensifying Effect, Market Density, Product Uncertainty. 
Paul Benjamin Lowry was the accepting senior editor. This research article was submitted on November 25, 2016, and 
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1 Introduction 
Going too far is as bad as not going far enough.  
–The Analects of Confucius, Chapter 11  
To cater to consumers’ disparate demands, online 
sellers often offer a large assortment of products in 
their stores. Correspondingly, assortment size has 
become one of the most complex and risky strategic 
decisions. Assortment size refers to the number of 
product categories that a seller carries (Kök et al. 
2008). Although large assortments represent enticing 
competitive advantages (Kahn et al., 2014), managing 
multiple product categories is quite complex (Hashai, 
2015). Moreover, increasing assortment size is 
particularly risky in the online retailing setting. Due to 
the turbulent retail environment, sellers often 
experience difficulty responding quickly to 
consumers’ preference changes concerning the 
assortment of products they offer (Dekimpe, Gielens, 
Raju, & Thomas, 2011). When sellers’ assortment 
decisions are incorrect, their performance suffers. 
Thus, it is of managerial relevance to examine the 
effect of assortment size on seller performance. 
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Despite the strategic value of assortment size for online 
sellers, there has been minimal research to guide 
assortment size decisions. The widespread assumption 
is that the more product categories sellers carry, the 
better their performance will be (Ma, 2016). However, 
it is not clear whether the industrial practice of “the 
more, the better” is actually beneficial to online sellers 
on e-commerce platforms. Furthermore, although 
inconsistent findings have suggested that the 
uniqueness of a context shapes the effect of assortment 
size (Ma, 2016), related research has seldom focused 
on specific contextual characteristics. In particular, e-
commerce platforms are characterized by lowered 
search costs and switching costs, but also by the 
inability to touch or examine the quality of goods 
before purchase. Such characteristics influence 
consumers’ preferences concerning assortment and 
retailers’ ability to compete based on their assortment 
decisions, making the relationship between assortment 
size and online retailers’ performance difficult to 
predict. 
Online consumers have capitalized on reductions in 
both search costs and switching costs, greatly 
increasing their efficiency in choosing online retailers. 
Therefore, each seller experiences greater competition 
(Cachon, Terwiesch, & Xu, 2008), and market density, 
defined as the number of firms in a market (Baum & 
Korn, 1996), has become a critical issue in sellers’ 
assortment planning. Furthermore, while online 
consumers can obtain relevant information about 
search goods prior to purchase (e.g., quality, 
dimension, and size), experience goods are products 
with attributes that cannot be examined or judged 
objectively prior to purchase (Nelson, 1970). Due to 
the inherent limitations of the Internet interface, sellers 
may also be less capable of describing product quality 
and disclosing the hidden defects of experience goods 
(Dimoka, Hong, & Pavlou, 2012). Since experience 
goods are associated with high levels of uncertainty for 
consumers, online retailers must manage their 
assortment of offerings in a way that mitigates the 
particular risks associated with experience goods, 
which constitute the main source of store-level product 
uncertainty. As shown in Figure 1, we attempt to 
address the following research questions: 
RQ1: Should online sellers on e-commerce platforms 
carry more product categories, and what is the 
relationship between assortment size and seller 
performance? 
RQ2: For online sellers on e-commerce platforms, 
how do market density and product uncertainty 
shape the relationship between assortment size 
and seller performance? 
To address these two questions, we investigate the 
effect of assortment size on the performance of online 
sellers and the moderation effects of market density 
and product uncertainty. Theoretically, broadening 
assortment size brings both benefits and liabilities. On 
the one hand, the introduction of new product 
categories brings benefits from simultaneous 
consumer utility, which refers to the time and cost 
saved by consumers when purchasing multiple 
products at the same time and at the same location (Ye, 
Priem, & Alshwer, 2012). On the other hand, a large 
assortment hurts performance because of the 
competition-intensifying effect—consumers tend to 
search more when online sellers offer multiple product 
categories in their stores (Cachon, Terwiesch, & Xu, 
2008). Our analysis shows that the interplay between 
the benefits and the liabilities results in an inverted U-
shaped association. More specifically, both market 
density and product uncertainty lower the optimal 
assortment size because the moderators attenuate 
simultaneous consumer utility but enhance the 
competition-intensifying effect.  
We empirically tested our hypotheses with a random 
sample of 10,000 online sellers on Taobao.com, the 
world’s largest e-commerce platform. With our panel 
data, we found a turning point of the inverted U-shaped 
curve, which refers to the point at which the curve 
attains its maximum or minimum (Haans, Pieters, & 
He, 2016, p. 1178), and also found that the two 
moderators shifted the turning point of the inverted U-
shaped curve to the left, graphically pulling the turning 
point back in the negative direction of the x-axis. 
 
Figure 1. Research Framework 
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Our research contributes to the assortment size literature 
and assortment planning. Theoretically, our finding of 
an inverted U-shaped curve challenges the well-
established assumption of linearity in the assortment 
size literature. The curvilinear association also signals 
that the unique context effects of the online retailing 
setting might affect the findings. Practically, our 
findings have implications for e-commerce platforms 
that can aid online sellers in their assortment planning in 
various scenarios. 
The remaining part of our paper is organized as 
follows. First, we review the literature about the effect 
of assortment size for both consumers and sellers. 
Second, drawing on benefit-liability analysis, we posit 
an inverted U-shaped hypothesis and two moderation 
effects. Then, we present the methods, data, and results 
of our empirical analysis. We discuss the 
contributions, implications, and limitations of the 
study, and propose several directions for further work. 
2 Literature Review 
Assortment size refers to the number of product 
categories that a seller carries (Kök et al., 2008). The 
effects of assortment size have been explored by 
research in the marketing, information systems, and 
operation management fields. To provide an overview 
of the literature, we summarize most pertinent studies 
in Table A1 (in the Appendix). Two topics dominate: 
one concerns the way that assortment size affects 
consumer choice and the other relates to how retailers’ 
assortment size planning influences sales.  
2.1 Effects on Consumer Choice 
Research on the effects of assortment size on consumer 
choice identifies both merits and perils of large 
assortment with respect to consumer preferences 
(Simonson, 1999), decision-making process (Iyengar 
& Lepper, 2000), and consumer choice (Chernev, 
2011). The overall conclusion is that consumers crave 
a larger assortment but get overwhelmed as the 
assortment drastically increases. 
The conventional wisdom is that “the more, the better” 
(Chernev & Hamilton, 2009; Goodman & Malkoc, 
2012); that is, the larger assortment retailers offer, the 
more benefits it brings. First, for consumers, a larger 
assortment can stimulate positive outcomes, primarily 
by increasing the probability of finding ideal products 
(Broniarczyk, 2012; Kuksov & Villas-Boas, 2010). 
Second, a larger assortment can make consumers 
perceive higher variety (Chernev 2011) and therefore 
satisfy their variety-seeking needs (McAlister & 
Pessemier, 1982). In addition, a large assortment aids 
consumer in achieving decision-making certainty 
(Boyd & Bahn, 2009), offers flexibility in anticipation 
of future tastes (Kahn & Lehmann, 1991), and provides 
consumers with desired stimulation (Menon & Kahn 
1995).  
However, the lure of a large assortment is often a 
promise unfulfilled. The main reason is that a large 
assortment is cognitively demanding (Chernev, 2003b, 
2006; Chernev & Hamilton, 2009). Too many 
assortment options lead to consumer confusion and 
frustration (Kahn, Weingarten, & Townsend, 2013). In 
such cases, consumers may suffer from choice 
overload, a scenario in which the complexity of the 
decision problem faced by consumers exceeds their 
cognitive resources (Chernev et al. 2015, p. 335). A 
large assortment also sets higher expectations for 
consumers in terms of matching their preferences, 
leading to a higher potential for choice regret (Iyengar 
& Lepper, 2000). Ultimately, a large assortment is 
actually more likely to dissatisfy consumers (Diehl & 
Poynor, 2010) and cause choice deferral (Iyengar & 
Lepper, 2000).  
To reconcile the divergent findings, other research 
explores moderators in terms of assortment 
characteristics and consumer traits. Assortment 
characteristics that have been investigated include 
assortment alignability (Chernev, 2005), option 
attractiveness (Chernev & Hamilton, 2009), 
assortment organization (Kahn, 2017; Poynor & 
Wood, 2010), and presentation format (Townsend & 
Kahn, 2014). Consumer traits are also articulated, such 
as attribute preferences (Chernev, 2003a), decision 
focus (Chernev, 2006), mental representation (Xu, 
Jiang, & Dhar, 2013), and psychological distance 
(Goodman & Malkoc, 2012). 
2.2 Effects on Retailer Sales 
The conclusions concerning the influence of 
assortment size on sales are also divergent. While 
some studies have demonstrated that reduction in 
assortment size has a negative effect on both shopping 
frequency and purchase quantity (Borle et al., 2005), 
others show that reduction in assortment size is 
effective (Boatwright & Nunes, 2001; Kahn, 2017), 
facilitates consumers’ processing fluency in the 
considered assortment (Kahn, 2017), and enhances 
sales of certain items (Boatwright & Nunes, 2001). For 
instance, grocery retailers can reduce the number of 
SKUs substantially without adversely affecting 
assortment perceptions or store choice if they eliminate 
the low-preference items but keep the category space 
constant (Broniarczyk, Hoyer, & McAlister, 1998). 
Other research has identified boundary conditions that 
resolve the divergent findings. For instance, delisting 
primarily low-selling items and brands has a 
substantially negative effect on sales in the short term 
but a weak sales effect in the long term (Sloot, Fok, & 
Verhoef, 2006). Other studies suggest that the effect of 
reduction in assortment size depends upon how the 
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assortment size is characterized (Briesch et al., 2009; 
Hoch, Bradlow, & Wansink, 2002). It has also been 
demonstrated that boundary conditions can optimize 
sales through the strategy of assortment planning (Kök 
& Xu, 2011; Rooderkerk, Van Heerde, & Bijmolt, 
2013; Sinha, Sahgal, & Mathur, 2013). In particular, 
Hong et al. (2016) show that consumers are less likely 
to purchase from a category of a considered assortment 
when it is presented with another category assortment 
with greater variety, while Ren, Hu, Hu, & Hausman 
(2011) conclude that merchants increase assortment 
size if a rival store exists but decrease assortment size 
when the rival store is colocated within one mile of the 
focal store. Other conditions include shared consumer 
pool (Cachon & Kök, 2007), consumer search (Cachon, 
Terwiesch, & Xu, 2005), and consumer uncertainty 
about price (Kuksov & Lin, 2017).  
However, two major gaps remain in the assortment 
size literature. First, as shown in Table A1 (in the 
Appendix), while previous studies have mostly 
focused on offline stores (a few have investigated 
online merchants, e.g., Brynjolfsson, Hu, & Smith, 
2003; Ma, 2016), different channels demand different 
assortment size planning (Ma, 2016; Mantrala et al., 
2009). In terms of assortment size, online retailing is 
characterized by lower search costs and switching 
costs (Brynjolfsson, Hu, & Smith, 2010) as well as 
consumers’ inability to physically touch experience 
goods (Dimoka et al. 2012; Hong & Pavlou 2014). 
Conceptually, search costs refer to the costs incurred 
by consumers to locate an appropriate seller and to 
purchase a product (Bakos 1997, p.1677), while 
switching costs refer to the time, money, and effort 
associated with changing service providers (sellers in 
our setting) (Jones et al. 2000, p. 262). The sharp 
decrease in search and switching costs has not only 
influenced consumers’ decision quality (Diehl, 2005) 
but has also introduced intensive competition among 
retailers (Cachon et al., 2008). These changes suggest 
a role of market density in retailers’ assortment 
planning and make the net effects of assortment size on 
sales hard to predict. 
Second, although assortment size can be 
conceptualized both as the number of product 
categories (Kök et al., 2008) and as the quantity of 
options in a single product category (Goodman & 
Malkoc, 2012), previous studies are largely based on 
the latter dimension. However, the number of 
categories a retailer should carry is not only a strategic 
decision in their assortment matrix (Hart & Rafiq, 
2006), but is also a prerequisite for determining the 
number of options offered as a whole. Retailers decide 
on their assortment size based on the fact that 
consumers must choose a certain product category 
before they choose a specific item within that category 
(Goodman & Malkoc, 2012; Kök & Xu, 2011). 
Therefore, in-depth investigations of the effects of the 
number of product categories on sales will likely be 
useful for facilitating retailers’ assortment planning. 
3 Theory and Hypotheses 
Our primary argument is that assortment size and 
online seller performance exhibit an inverted U-shaped 
association. This effect results from the tradeoff 
between the benefits derived from simultaneous 
consumer utility and the liability of the competition-
intensifying effect when online sellers increase their 
total number of product categories. Moreover, market 
density and product uncertainty make the optimal 
assortment size smaller by attenuating the benefits 
from the simultaneous consumer utility and 
magnifying the competition-intensifying effect. 
3.1 Benefits and Liabilities of Large 
Assortment  
Simultaneous consumer utility refers to the time and 
cost saved by consumers when they purchase multiple 
products at the same time and in the same location (Ye 
et al., 2012). This mechanism posits that larger 
assortment guarantees the opportunity to exploit 
positive demand interaction (Siggelkow, 2003), i.e., 
consumers prefer purchasing from multiple categories 
in a single store (Cachon & Kök, 2007; Simonson, 
1999). 
Simultaneous consumer utility is one of the key 
advantages yielded by a large online assortment (Ye et 
al., 2012). If consumers purchase products across 
categories rather than within each category 
individually, they could benefit from the dependency 
across multicategory items. For instance, by buying 
across categories from the same seller, online 
consumers may engage in less search activity, take 
advantage of discounts in product bundling (selling 
two products as one unit at a single price), or reduce 
uncertainty associated with another seller. Such 
benefits are available even when the categories are not 
inherently complementary (Bakos & Brynjolfsson, 
1999). Accordingly, a larger assortment can better 
satisfy consumer preference (positive demand 
interaction) (Simonson, 1999) or may even stimulate 
desire (Kahn et al., 2014). If online sellers engage in 
multiple product categories on the e-commerce 
platform, they have a greater chance of being found 
through a consumer search (Cachon et al., 2008), thus 
potentially stimulating more traffic (Kahn et al., 2014). 
This approach allows sellers to capture benefits 
associated with simultaneous consumer utility and 
translate such advantages into superior sales 
performance.  
The competition-intensifying effect refers to the 
degree of competition for an online seller in the 
presence of easier search mechanisms for consumers 
(Cachon et al., 2008). It is the most salient liability in 
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assortment planning because online sellers compete in 
terms of how many product categories they have. 
When online consumers search for a product, they are 
actually searching for an assortment (Diehl et al., 
2003) because e-commerce platforms manage their 
website product navigation, recommendation systems, 
and search engines by hyperlinking products to seller 
assortments (Brynjolfsson, Hu, & Simester, 2011). 
Thus, online consumers can access a much broader set 
of prospective sellers through their searches 
(Brynjolfsson et al., 2011). For online sellers, there is 
extensive competition in the product categories that 
they manage (Wang, Wang, Fang, & Chau, 2013). As 
such, the likelihood of being chosen among all 
alternatives available from all competitors (including 
the seller’s) is relatively smaller, and the competition-
intensifying effect can thus deteriorate sales 
performance. 
3.2 Assortment Size and Performance 
for Online Sellers 
Given the above benefits and liabilities associated with 
offering a large assortment, we specify the way that 
sellers’ performance changes as assortment size 
increases by explicating how the benefits and liabilities 
vary across different assortment sizes. Our main 
argument is illustrated by Figure 2. 
When the total assortment is small, simultaneous 
consumer utility is low. At that point, consumers have 
limited combinations of options; therefore, the cost and 
time saved by purchasing at the same time from the 
same seller is minimal. In this case, the competition-
intensifying effect is quite modest because a small 
assortment limits the competition to a few online 
sellers. Moreover, with a small assortment, online 
sellers reap the benefits of being able to focus on 
improving product quality and gaining popularity for a 
given assortment. Such moves can improve 
performance (Siggelkow, 2003). Taken together, 
sellers’ performance will increase as they introduce 
new product categories into their assortments when the 
assortment size is small. As the number of product 
categories increases, simultaneous consumer utility 
increases with diminishing returns. The marginally 
decreasing rate results from the reduction in search 
costs and switching costs. Lower search costs and 
switching costs enable online consumers to reach a 
drastically larger pool of product options on e-
commerce platforms (Brynjolfsson et al., 2003). Thus, 
a larger assortment sets a higher expectation for the 
consumer about the assortment they find (Diehl & 
Poynor, 2010). Expecting that there are always better 
offerings, consumers opt to search outside the sellers’ 
assortments (Cachon et al., 2005; Kuksov & Villas-
Boas, 2010). Because additional searches require time 
and cognitive resources (Diehl, 2005), the larger the 
assortment that sellers offer, the more search activities 
that online consumers will perform. Mathematically, 
the extra effort and time incurred by the increase from 
buying N  categories to (N+1)  categories are 
substantially more extensive than the time and effort 
incurred from purchasing (N-1)  categories to N 
categories. For instance, consumers might search for 
not only a single category but also for associated 
bundles, thus processing more product information 
such as descriptions and online reviews (Kim & 
Krishnan, 2015). Consequently, the marginally saved 
cost and time derived from buying multiple product 
categories decrease if consumers observe that a seller 
has introduced a new category. Simultaneous 
consumer utility increases at a marginally diminishing 
rate. Accordingly, the benefits gained from 
simultaneous consumer utility reflect the same pattern.  
Conversely, the competition-intensifying effect 
increases at an increasing rate. The dramatic reduction 
in search costs and switching costs intensifies 
competition (Brynjolfsson et al., 2010). On the e-
commerce platforms, the competition reaches a level 
with multiple homogeneous products for each product 
category. Intuitively, if a particular online seller has K 
product categories, there will be at least K  sellers 
selling each product category. A greater assortment 
increases the density of options for consumers, making 
it more difficult for them to differentiate the best option 
from the second-best option they are considering 
(Diehl et al., 2003). 
 
Figure 2. Assortment Size and Performance of Online Sellers 
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Therefore, for a particular seller, the likelihood of 
being chosen decreases. Similarly, a seller’s bundling 
is threatened by assortment overlap from competitors 
(Kuksov & Lin, 2017). To illustrate with a formula in 
assortment size planning (Zhou, 2011), the 
competition increases if the competitors overlap by 
two same product categories. The number of choice 
options can reach K(K-1) 2⁄  if each category has the 
possibility to be bundled or cross-sold with the other 
K-1  categories. Together, if the seller with K 
categories introduces a new one, the number of rivals 
increases by at least (K+1)-K+ (K+1)K 2⁄ -K(K-1) 2⁄ , 
i.e., K+1. Thus, introduction of a new product category 
enhances the marginal competition-intensifying effect 
nonlinearly. To summarize, online sellers’ 
performance is likely to be eroded by competition at an 
increasing rate.  
When the assortment becomes too large, simultaneous 
consumer utility levels off. Too large an assortment is 
likely to cancel out the saved time and costs derived 
from buying multiple products from particular online 
sellers, because rational consumers continuously 
weigh expected benefits against search costs and will 
stop searching whenever expected benefits become 
lower than search costs (Brynjolfsson et al., 2010). If 
the trend runs its course, there will be a limit of 
potential utility due to the tradeoff. Moreover, as the 
competition-intensifying effect escalates, the 
competition will be overwhelming because too many 
product categories foster high complexity in 
assortment management (Hashai, 2015). In summary, 
the assortment size initially improves but then 
undermines online sellers’ performance. Therefore,  
H1: Online sellers’ performance exhibits an inverted 
U-shaped association with assortment size such 
that their performance initially increases and then 
decreases as assortment size increases. 
3.3 Moderation Effects of Market 
Density and Product Uncertainty 
Market density and product uncertainty influence the 
inverted U-shaped association by dampening 
simultaneous consumer utility but sharpening the 
competition-intensifying effect.  
When the market density is high, there are more online 
sellers in the market. Thus, consumers have more 
options from which to choose. On the one hand, 
simultaneous consumer utility is inhibited because 
having more options involves expending more time 
and effort to search. On the other hand, because 
consumers have easier access to more alternatives, the 
likelihood of a particular seller being chosen among 
potential sellers decreases. Thus, the competition is 
intensified. Overall, to resist the potential loss from 
intensive competition in their market, online sellers 
will strategically decrease their optimal assortment 
size. Graphically, the turning point at which the curve 
attains its maximum in our setting will shift to the left 
when market density is high. Thus, we hypothesize the 
following: 
H2a: A shift in the turning point is caused by market 
density: The turning point of the inverted U-
shaped curve between online sellers’ 
performance and assortment size will be shifted 
to the left when market density is high. 
When product uncertainty is high, the turning point 
also shifts toward the left. In other words, online sellers 
capture less simultaneous consumer utility if they 
introduce new product categories with greater product 
uncertainty. As the proportion of experience goods 
increases, the entire assortment incorporates greater 
uncertainty (Dimoka, Hong, & Pavlou, 2012). Thus, 
online sellers are less capable of describing and 
justifying the quality of products. To consumers, the 
combination of options is perceived as being less 
trustworthy, riskier, and even poorer in quality (Hong 
& Pavlou, 2014). Under such conditions, they will 
devote more effort and time to searching for 
substitutive sellers to avoid potential losses from lower 
quality or preference mismatches. Therefore, online 
sellers managing assortments with greater product 
uncertainty gain less simultaneous consumer utility.  
In contrast, greater product uncertainty magnifies the 
competition-intensifying effect. When product 
uncertainty is relatively high, consumers engage in 
more search activities to offset potential risks and 
uncertainty (Murray, 1991) and compare product 
offerings from more potential online sellers. When the 
assortment size increases, online sellers with products 
entailing greater uncertainty will experience increased 
competition due to more consumer searches. (Cachon 
et al., 2008). In addition, if online sellers enlarge their 
assortment, the number of prospective online sellers 
increases, reducing the likelihood that a particular 
online seller will be chosen. Furthermore, they are also 
threatened by competition because splitting resources 
to accommodate a new category might undermine the 
focus of the original assortment. Such practices 
aggregately hurt the attractiveness of sellers’ overall 
assortment, which results in more intensive 
competition (Diehl et al., 2003). Overall, when product 
uncertainty is high, online sellers will limit the number 
of product categories to a medium level to maintain the 
best performance. We thus hypothesize the following:  
H2b: A shift in the turning point is caused by product 
uncertainty: The turning point of the inverted U-
shaped curve between online sellers’ 
performance and assortment size will be shifted 
to the left as the store-level product uncertainty 
increases. 
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4 Research Method 
4.1 Research Setting and Sample 
We focus on online sellers at Taobao.com because they 
provide a representative sample for our analysis. We 
use the Chinese context because China is becoming 
one of the most important online retailing settings 
(PwC, 2017), and use Taobao.com because it is the 
most representative Chinese online retailer (Xu, Chan, 
Ghose, & Han, 2017). At one point, Taobao.com was 
actually the world’s largest online retailing website in 
terms of the number of online sellers (Chu & 
Manchanda, 2016). In addition, online sellers on this 
site actively introduce new product categories, thus 
giving us the opportunity to observe the effects of 
variation in assortment size.  
We randomly derived our sample of 10,000 sellers 
from the entire population of online sellers at 
Taobao.com, collecting archival monthly sales data 
from April 2010 to May 2011. Such a sampling method 
avoids the data selection problems generated by 
nonrandom sampling (Wooldridge, 2002). The 
attributes we examined include sales revenue, sales 
volume, and product category information. In addition, 
we extracted data on demographics (i.e., gender, age, 
and location of the store, including country, province, 
and city), historical sales, reputation (i.e., ratings, 
positive ratings, negative ratings, and rating 
categories), and historical transaction records of their 
own purchases from the snapshot system of owner 
attributes.  
We employed month-seller as a unit of analysis. Our 
monthly panel data offered a good fit for our research 
questions. First, assortment size is a decision that 
online sellers evaluate monthly, according to our 
interviews with online sellers and data analysts at 
Taobao.com. Second, our monthly data captured 
sufficient variation in assortment size. As illustrated in 
Figure 3, approximately 90% of the sellers changed 
assortment size at least once. Moreover, the average 
change frequency was 6.16, indicating that the sellers 
changed their assortment approximately 50% of the 
time on average. In parallel, we show the magnitude of 
assortment size change, i.e., the seller’s largest 
assortment size change. Because the sellers’ average 
assortment size was small, such changes were notably 
significant, as more than 50% of sellers changed two 
product categories at a time.  
A valid definition of boundary is important to classify 
assortments. We employ the product categorization 
taxonomy developed by experts in Taobao.com. First, 
the taxonomy offers detailed product-level 
information. In contrast, the existing standards, the 
North American Industrial Classification System 
(NACIS) and the Standard Industry Classification 
(SIC), offer only industry-level categorizations 
(Zahavi & Lavie, 2013). Second, Taobao.com’s 
taxonomy guarantees a consistent classification 
schema. All categorization profiles are designed by 
industrial experts and are then double-checked by 
practitioners. The platform even provides systematic 
guidelines on product categorization, helping online 
sellers classify their new introductions using a well-
established taxonomy. Third, the hierarchical layout 
enables online consumers to effectively search for 
products in each assortment, aligning well with our 
argument about consumer search.  
We define the taxonomy in three layers: “Industry,” 
“Department,” and “Product category” (see Figure 4). 
Online retailing refers to establishments engaged in 
retailing all types of merchandise using the Internet or 
retail sales via mail-order houses or the Internet. 
“Department” refers to a section within a store that 
carries different categories of merchandise (Hart & 
Rafiq, 2006). “Product category” represents a distinct, 
manageable group of products that consumers perceive 
as related or substitutable (Hart & Rafiq, 2006). 
Because online sellers usually compete at the product 
category level, we consider this level the “market” and 
use the two terms interchangeably. In total, there are 
17 departments and 84 categories. 
 
        
 
Figure 3. Dynamics of Assortment Size 
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Figure 4. Example of Product Categorization Taxonomy from Taobao.com 
4.2 Measures 
4.2.1 Dependent variable: Online sellers’ 
performance 
We use sales as a performance measure because it is a 
highly acceptable measure of marketing performance 
(Katsikeas, Morgan, Leonidou, & Hult, 2016). In 
addition, sales are a crucial prerequisite if online 
sellers aim to survive and build sustainability, 
particularly in a competitive market such as e-
commerce. Sales reveal great variance; thus, they 
provide sufficient variation to enhance the accuracy of 
estimations. We use natural logarithmic transformed 
net sales (Park & Jang, 2013) as follows:               
Salesi,t=ln ∑ Salesi,m,t
M
m=1
 (1) 
where Salesi,m,t  denotes seller i  sales from product 
category m in month t, and Salesi,t is the total sales of 
seller i in all of the categories in month t. 
4.2.2 Independent variable: Assortment size 
We measure assortment size by counting the number 
of product categories (Hashai, 2015). This proxy fits 
our definition of assortment size because it only 
changes with the introduction of a new category. 
Moreover, it is the most basic measurement (Hashai, 
2015). Therefore, this unweighted measure attenuates 
potential measurement error in retrieving data on sales 
shares (Colombo, Piva, & Rossi-lamastra, 2014). 
Assortmenti,t= ∑ Assortmenti,m,t
n
m=1
 (2) 
where Assortmenti,m,t  equals 1 if seller  i  offers a 
product in the m category in month t.  
4.2.3 Moderator: Market density and 
product uncertainty 
Market density is measured by the number of firms in 
a particular market (category in our setting) (Sorenson, 
2000). Therefore,  
Market density
m,t
= ∑ Ii,m,t
i=1
 (3) 
where Ii,m,t  is equal to 1 if seller i is selling a product 
in category m in month t and is otherwise equal to 0.  
As the density measure has a very high mean value, we 
log transform it. Thereafter, we use the median split 
method because it is parsimonious to facilitate both 
interpretation of interactions and statistical tests 
(Lacobucci, Posavac, Kardes, Schneider, & Popovich, 
2015). Moreover, the median split matches our 
research purposes. Market density is conceptually 
more discrete because it provides practical guidelines 
about the competitive environment. Usually, online 
sellers only have ambiguous information about the 
environment condition. Accordingly, we use its 
median value as a threshold. Specifically, the market 
density is relatively high if the number of sellers in the 
same category surpasses the median value across 
categories. 
We measured product uncertainty by the weighted 
composition of search goods and experience goods at 
the store (or seller) level. Because product uncertainty 
primarily originates from product type (Kim & 
Krishnan, 2015; Luo, Ba,& Zhang, 2012), we used the 
search-experience goods classification to proxy 
product uncertainty for each category (Korgaonkar, 
Silverblatt, & Girard, 2006). Search goods refer to 
products with relevant attribute information (e.g., 
quality, dimension, and size) that can be easily 
obtained prior to purchase, whereas experience goods 
refer to goods with attributes that cannot be examined 
or judged objectively before purchase (Girard & Dion, 
2010; Nelson, 1970, 1974). Experience goods exhibit 
high product uncertainty (coded as 1), whereas search 
Journal of the Association for Information Systems 
 
1511 
goods are of low product uncertainty (coded as 0) 
(Luo, Ba, & Zhang, 2012). We matched our product 
categories to Nelson’s classification scheme including 
its extensions into the online context (Agudo-
Peregrina, Chaparro-Peláez, & Pascual-Miguel, 2014; 
Girard & Dion, 2010; Girard, Korgaonkar, & 
Silverblatt, 2003; Hsieh, Chiu, & Chiang, 2005; 
Huang, Lurie, & Mitra, 2009; Korgaonkar, Silverblatt, 
& Girard, 2006). Then, we aggregated product 
uncertainty to the store level weighted by proportion of 
sales volume for search goods and experience goods:  
Uncertainty
i,t
= ∑ Pi,m,t*Uncertaintyi,m,t
n
m=1        (4) 
where Pi,m,t and Uncertaintyi,m,t denote the proportion 
of volume and degree of product uncertainty of the 
product category m , respectively. N represents the 
total number of product categories of seller  i . For 
instance, if a seller manages both “cameras” (search 
goods, Uncertainty = 0) and “women’s” (experience 
goods, Uncertainty =1) with proportions of 60% and 
40%, respectively, the store level product uncertainty 
is 60%*0+40%*1=0.4. 
4.2.4 Control variables 
Country: Sellers’ performance may be contingent on 
a country-specific effect. In particular, there might be 
distinctions in terms of language, time zone, and 
culture (Hong & Pavlou, 2017). Therefore, we 
captured possible country difference by the country 
derived from the seller’s IP address. If the IP address 
was located in China, we proxied Country
it
 as 1; 
otherwise, we coded it as 0.  
Firm age: Firm age (store age in our context) is 
associated with assortment size and firm performance 
(Stern & Henderson, 2004). The longer the store has 
been active on the platform, the more resources it 
accumulates and the more likely it is to diversify to 
achieve greater performance. We measured Firm age
it
 
by the number of months ago that online seller i started 
its business on the platform. 
Firm size: Firm size (store size in our context) is a 
proxy for the amount of available internal resources 
(Colombo et al., 2014). It influences both firm 
performance (Tanriverdi̇ & Lee, 2008) and assortment 
size (Colombo et al., 2014). Larger firms enhance their 
market power and thus perform better. Because larger 
firms typically offer more extensive product lines, 
failure to control for firm size can result in spurious 
effects (Sorenson, 2000). Thus, we measured 
Firm sizeit  using the cumulative number of 
transactions of online seller  i  since beginning its 
business on the platform.  
Strategy change: Firms (sellers in our context) that 
change their core business can face increased risk of 
failure in the near term (Amburgey, Kelly, & Barnett, 
1993). Hence, they are less likely to increase the 
number of product categories because of related 
potential risks. Thus, we coded Strategy changes
i,t
 as 1 
in the unit of time if a seller changed its primary 
product category (Stern & Henderson, 2004).  
Seller’s reputation: Reputation is an intangible asset 
for online firms in the turbulent online marketplace 
(Rice, 2012). Because an online seller’s good 
reputation is an effective signal of good faith (Jin & 
Kato, 2006), reputation affects consumers’ perceptions 
about the product and, thus, about online sellers’ 
performance. At the same time, sellers with better 
reputations can more confidently persuade consumers 
that their products are of high quality. Therefore, they 
would be more prone to introduce new product 
categories. Thus, we controlled for the effect of 
reputation by adding four measures to our model: 
negative ratings (Dellarocas & Wood, 2008), neutral 
ratings (Rabby & Shahriar, 2014), seller rating 
category, and the corresponding rating category 
dummy (i.e., Heart, Diamond, Blue Crown, and 
Yellow Crown, respectively) (Fan, Ju, & Xiao, 2016). 
Market sales: As an indicator of market environment, 
the overall sales of a market can also affect a firm’s 
performance (Sorenson, 2000). Similar to our 
approach to firm-level sales, we account for market 
sales as follows: 
Market sales m,t= ln ∑ Salesi,m,t
Nm
i=1
 (5) 
where Nm represents the number of sellers selling 
 product i in the market m in month t.  
Market concentration: Market concentration in the 
firm’s primary industry is included to control for the 
potential loss of diversification. It is represented by the 
Herfindahl index of concentration in the primary 
market (Zhou, 2011). 
Market HHIm,t=1-
∑ Salesi,m,t
2Nm
i=1
(∑ Salesi,m,t
Nm
i=1
)
2
 (6) 
4.3 Analysis Method and Model 
Specification 
We examined the effect of assortment size on online 
sellers’ performance with seller-month-level analysis. 
We tested the inverted U-shaped hypothesis by adding 
the linear term and quadratic term of the independent 
variable (Zahavi & Lavie, 2013). Moreover, we 
leveraged more rigorous tests of the inverted U-shaped 
hypothesis and its moderation effects (Haans, Pierters, 
& He, 2016).  
We endeavored to control for several possible sources 
of endogeneity. To overcome the problem of reverse 
causality, we lagged our independent, moderating and 
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control variables by one month (relative to the 
performance measure). In addition, we added market- 
and seller-level control variables to alleviate omitted 
variable bias that can simultaneously influence 
assortment size and performance. We specified the 
model with four types of fixed effects. First, we 
controlled for intertemporal and seasonal trends with 
monthly fixed effects. In particular, the resource-based 
measures included the number of customer-service 
employees and the time sellers spent managing stores 
because human resources and manager attentiveness 
are two prominent resource types. These attributes 
create an endogeneity problem because they affect the 
sellers’ assortment size decisions and their 
performance but are unobservable to researchers. For a 
particular seller, these efforts are typically stable 
within a month because sellers at Taobao.com usually 
adjust their businesses on a month-by-month basis. 
Second, we included seller-level time-invariant 
unobserved heterogeneity by seller fixed effects. Such 
a model allows the unobserved effect to be arbitrarily 
correlated with assortment size (Wooldridge, 2002), 
which relieves the concern of heterogeneity within the 
same product category. Third, to capture the temporal 
category effect, we included the category and month 
interaction term (Moser & Voena, 2012). For instance, 
apparel sellers introduce new product categories by 
season, but electronics sellers do not. Fourth, we 
included the intertemporal country-fixed effect to 
describe possible differences related to country. 
Therefore, our econometric model is specified as 
follows:  
Salesi,t+1 =β0+β1*Assortmenti,t+β2*Assortmenti,t
2  
+β
3
*Assortmenti,t*Densityi,t+β4*Assortmenti,t
2 *Density
i,t
 
+β
5
*Assortment
i,t
*Uncertainty
i,t
+β
6
*Assortmenti,t
2 *Uncertainty
i,t
 
+π*Control variablesi,t+ri+ωt+1+ri*ωt+1+εi,t+1            (7) 
where subscripts i and t denote the ith seller in the tth 
month, respectively. 
Moreover, we used the two-stage least squares (2SLS) 
method to control for the endogeneity problem 
(Wooldridge, 2002). 2SLS regression enables testing 
the relationship in two stages. The crucial condition for 
the 2SLS method is the instrument variable (IV), 
which is only correlated with the second-stage 
dependent variable via the dependent variable in the 
first stage. In our setting, we leveraged the online 
seller’s transactions as a buyer as an IV. Specifically, 
in the first stage, we predicted the unbiased assortment 
size measure that is uncorrelated with the error term 
εi,t+1 by the IV and control variables used in the second 
stage. Therefore, our first-stage model is displayed as 
follows:  
Assortmenti,t=α0+α1*Transactions as a buyeri,t-1 
+ α*Control variablesi,t-1+φi+δt+φi*δt + ui,t 
(8) 
where the error term ui,t denotes the seller and time-
variant heterogeneity.  
We used cumulative transactions as a buyer as an IV. 
Each logged-in account supports dual roles: buyer or 
seller. If online sellers use their accounts to purchase 
goods, their cumulative transactions as a buyer are 
recorded. We used this measure as an IV for 
assortment size for three reasons. First, the cumulative 
transactions as a buyer have no direct influence on 
performance. They are typically unobservable to 
prospective consumers who visit a store’s website (Fan 
et al., 2016). Moreover, online consumers typically do 
not consider a seller’s buying activities in their 
purchase decisions. Second, the transactions as a buyer 
are correlated with the assortment size decision. More 
historical transactions as a buyer since the store setup 
suggests that an online seller devotes more time and 
effort to understanding other types of products on the 
platform. Through engaging in frequent online 
activities and interactions, online sellers will learn 
more about a product category, thus acquiring a better 
sense of which type of assortment to choose from. As 
they gain more expertise, online sellers become more 
effective in strategizing product category choices 
rather than arbitrarily expanding into new ones. 
Therefore, it can be inferred that cumulative 
transactions as a buyer have a negative effect on 
increasing assortment size in the following month. 
Third, cumulative transactions as a buyer do not 
correlate with the error term εi,t+1 in the second stage. 
The reason for this is that transactions as a buyer are 
not related to activities that may influence online 
sellers’ performance, such as marketing efforts. 
5 Results 
5.1 Descriptive Analysis 
We provide the descriptive statistics and correlations 
for all of the variables in the sample in Table A2 in the 
Appendix. Moreover, the actual data pattern between 
assortment size and sales performance signals that 
their relationship is nonlinear, as shown in Figure 5. 
We plotted the data using assortment size assigned as 
the x-axis and sales performance as the y-axis. The 
trend of the pattern between assortment size and sales 
performance appears to be nonlinear. To further 
validate our suspicion, we fit two models using the 
linear term and quadratic term of assortment size 
because we theorized an inverted U-shaped model. We 
found that the quadratic curve better fits the data. 
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Figure 5. Actual Pattern Between Sales and Assortment size 
In addition, we investigated the possible presence of 
multicollinearity by examining the relevant variance 
inflation factor (VIF) diagnostics. All of the VIF 
values are less than the threshold value of 10. 
Therefore, we concluded that multicollinearity is not a 
pressing concern. The Wald test of the fixed-effect 
model (𝜒2 =  8504.72, p < 0.001) indicates a fixed 
effect in the error term. We strengthened our choice of 
model specification using the Hausman test to compare 
the fixed-effect model and a random-effect model. The 
null hypothesis was rejected (H0: there is no 
systematic difference in coefficients between the 
fixed-effect model and the random-effect model, 
𝜒2 =2651.05, p < 0.001). The statistics show that the 
fixed effect is valid, whereas the random-effect model 
is biased. A Durbin-Wu-Hausman endogeneity test 
(𝜒2 = 444.82, p < 0.001) validates our concern about 
endogeneity, supporting our 2SLS method. 
5.2 Main Results 
5.2.1 2SLS Result 
Table A3 (in the Appendix) presents the first-stage 
regression estimates. At this stage, we had six 
endogenous variables: Assortmentt,  Assortmentt
2 , 
Assortmentt*Densityt , Assortmentt
2* Density
t
, 
Assortmentt*Uncertaintyt  and 
Assortmentt
2* Uncertainty
t
. We used them as 
dependent variables in the first stage regression from 
Model 1 to Model 6, respectively. Correspondingly we 
had IVs for all the endogenous variables. 
The F-statistics of the excluded instruments are all 
greater than the Stock-Yogo test critical values ( > 10). 
Therefore, the excluded instruments are not weakly 
identified (Stock & Yogo, 2005). The Kleibergen-Paap 
rk LM Statistic for Underidentification test shows that 
the model is identified (H0: the equation is 
underidentified, p = 0.000). Since our equation is 
exactly identified, we did not present the 
Sangen/Hansen test for overidentification. 
Table A4 (in the Appendix) shows the stepwise results 
for the second-stage regression estimation with seller 
performance ( Salesi,t+1 ) as the explained variable. 
Model 7 acts as the baseline model and partially 
controls the influences of omitted variable bias. The 
correlation remains robust from Models 8 to Model 12. 
Model 8 shows that Assortmentt  is significantly 
positively related to performance (β
Assortmentt
= 0.069, p 
< 0.001), with a 95% confidence interval (CI) 
[0.059,0.795]. Model 9 includes Assortmentt
2
, and its 
coefficient is significantly negative ( β
Assortmentt
2  = -
0.002, 95% CI∈ [-0.003, -0.001], p < 0.001). Thus, 
the predicted results of assortment size and of its 
quadratic term corroborate our inverted U-shaped 
hypothesis (H1).  
Next, we tested the two moderation effects by 
introducing the four interactions from Model 10 to 
Model 12. Model 12 includes all the interaction terms; 
the coefficient of Assortmentt ∗ Densityt  is 
significantly negative (β
Assortmentt∗ Densityt
=  -0.087, p < 
0.001, 95% CI ∈  [-0.162, -0.011]), whereas the 
coefficient for Assortmentt
2 ∗ Density
t
 is not 
significant (β
Assortmentt
2∗ Densityt
= 0.002, p = 0.171, 95% 
CI∈ [-0.001,0.005]). At the same time, Assortmentt ∗
Uncertainty
t
, Assortmentt
2 ∗ Uncertainty
t
, and their 
95% CIs are significant: 
( β
Assortmentt∗ Uncertaintyt
= 0.106, p < 0.010, 95% CI∈ 
[0.035,0.177], β
Assortmentt
2∗ Uncertaintyt
= -0.003, p <0.010, 
95% CI∈ [-0.006, -0.001]). 
To better illustrate our findings, we graphically depict 
the inverted U-shape and the significant interactions. 
We follow the literature for curvilinear effects and 
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modeling (Lowry et al. 2017; Moody et al. 2017) and 
changed the graphics accordingly (Zahavi & Lavie, 
2013). We used coefficients in Model 12 as the 
parameters because this model shows the most 
accurate estimation. Figure 6 describes the inverted U-
shaped curves with the interaction effect of market 
density, keeping product uncertainty constant. The 
result shows that the effect of assortment size on sales 
performance is an inverted U-shaped. We plot the 
turning point and the corresponding optimal sales 
performance. Two patterns reveal themselves in Figure 
6. Consistent with our H2a, the turning point shifts 
from approximately 27 to 15 when market density 
increases from a low level to a high level. Moreover, 
the curve for high market density is steeper, signaling 
that the effect on sales from the introduction of a new 
product category is more pronounced under high 
market density. This trend also enhances our 
hypothesis for the moderation effect from market 
density: the steeper the inverted U-shaped curve is, the 
faster the marginal rate decreases and the quicker the 
curve reaches its turning point. Figure 7 describes the 
predicted performance using a three-dimensional 
graph with coefficients in Model 12 (with assortment 
as x-axis, product uncertainty as y-axis, and sales 
performance as the z-axis). We separate the two 
market-density conditions to keep market density 
constant. Regardless of market density, as product 
uncertainty increases from 0 to 1, the inverted U-
shaped curve between sales performance and 
assortment size becomes steeper. Moreover, the 
turning point shifts toward the left as the product 
uncertainty increases.
 
Figure 6. Visualization of Inverted U-Shape and Interaction (Market Density) 
 
Figure 7. Visualization of Inverted U-Shape and Interaction (Product Uncertainty) 
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5.2.2 Effect Size 
Since we employed a sample of 140,000 observations, 
our model is vulnerable to a “large-sample, small p-
value” issue in which a small p-value is only an artifact 
of the large sample size (Lin, Lucas, & Shmueli, 2013). 
Therefore, we discuss effect size as a complement to p-
value. Again, we use Model 12. Because the estimated 
coefficient of assortment in Model 12 is nonlinear and 
moderated by market density and product uncertainty, 
the effect of change in assortment size is quite 
complicated. To simplify our estimation, we use the 
average market density and product uncertainty. Model 
12 takes the form ln(y) =β
0
+β
1
*x+β
2
*x2 . The 
interpretation of effect size for ln(y) =β
0
+β
1
*x is that 
for a unit increase in x, y increases on average by the 
percent 100*β
1
% when |β
1
| < 1 (Lin et al., 2013). We 
take the first derivative to obtain the approximate effect 
size 100 ∗ (β
1
+β
2
*x) % . The effect size becomes a 
linear function of assortment size with negative 
coefficient (see Figure 8). For instance, when the seller 
increased his assortment from 1 to 2, sales increased by 
16.48%. Introducing a new product category when they 
already had 24 categories caused the sales to decrease 
by -2.17%. 
 
Figure 8. Analysis of Effect Size 
5.2.3 Inverted U-shape Validation 
Main Effect. To formally examine the inverted U-
shaped hypothesis, we leveraged the three-step test for 
(inverted) U-shaped relationships (Lind & Mehlum, 
2010). Details are provided in Table 1 below. β
1
̂  and β
2
̂  
denote the coefficients of Assortmentt and Assortmentt
2, 
respectively. First, β
2
̂  is significantly negative (β
2
̂ = -
0.001, p < 0.001). Second, the slope is sufficiently steep 
at both ends of the data range. Specifically, the slope at 
the lower boundary of assortment size is significantly 
positive (β
1
̂ +β
2
̂ *Xlower= 0.092, p < 0.001), whereas the 
upper boundary of assortment size is significantly 
negative (β
1
̂ +β
2
̂ *Xupper= -0.116, p < 0.001). Third, the 
turning point ( -
β1
̂
2*β2
̂  ≈ 32) and its 90% confidence 
interval with the filler method ([26.411, 40.531]) are 
located well within the data range ( Assortmentt  ∈ 
[1,71]). Therefore, we conclude that an inverted U-
shaped curve describes the relationship between 
 
1 (β
Assortmentt
β
Assortmentt
2*Densityt
-β
Assortmentt
2βAssortmentt*Densityt
= -0.009, p 
< 0.1) 
assortment size and online sellers’ performance with a 
fully developed curve rather than only half a curve 
(Haans, Pierters, & He, 2016). 
Moderation Effect. Because the observation of 
coefficients cannot fully indicate the shift of the turning 
point of the inverted U-shape in H2a and H2b, we 
formally tested the moderation effect by testing the 
numerator of β
X
β
X2*Z
-β
X2
β
X*Z
 (Haans, Pierters, & He, 
2016). The statistical test for shift of a turning point to 
the left is valid when the sign of the numerator or 
β
X
β
X2*Z
-β
X2
β
X*Z
 is statistically negative (Haans, 
Pierters, & He, 2016). Applying the rule to our 
moderators, the numerator for the moderation effect of 
market density is negative, although marginally 
significant 1 . The significantly negative numerator 
indicates that the turning point will move to the left as 
market density increases. The tests for product 
uncertainty show the same pattern2. Thus, H2a and 
H2b are supported. 
2 (β
Assortmentt
β
Assortmentt
2*Uncertaintyt
-β
Assortmentt
2βAssortmentt*Uncertaintyt
=  
-0.000, p < 0.05). 
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Table 1. Three-Step Test of Inverted U-Shaped Hypothesis 
Dependent Variable: Salest+1 
Assortmentt β1
̂  
0.095 *** 
(0.008)  
Assortmentt
2 β2
̂  
-0.001 *** 
(<0.001)  
Slope at lower boundary 
β
1
̂ +β
2
̂ *Xlower 0.092 *** 
t-value 12.410  
Slope at upper boundary 
β
1
̂ +β
2
̂ *Xupper -0.116 *** 
t-value -4.702  
Appropriate inverted U test 
H0: Monotone or U shape; H1: Inverted U shape 
t-value 4.700  
P>|t| <0.001  
Turning point −
β
1
̂
2*β
2
̂
 31.928  
90% confidence interval, Filler method [26.411, 40.531] 
Note: Intercept is not shown. Standard errors in brackets.  *** p < 0.01, ** p < 0.05, * p < 0.1. 
 
5.3 Robustness Checks 
First, we use the Granger causality test on the panel 
data to identify a necessary condition for true causality 
(Im, Pesaran, & Shin, 2003; Love & Zicchino, 2006; 
Society, Holtz-Eakin, Newey, & Rosen, 1988). 
Controlling for the confounding effects of firm age, 
firm size, and seller reputation, the test shows that 
assortment size explains a significant incremental 
variation in seller performance (β
Assortmentt
=  0.007, 
p < 0.001). Second, managers’ tendencies to diversify 
could be ascribed to performance expectations at firm-
level characteristics and to industry-level attributes 
(Zahavi & Lavie, 2013), resulting in self-selection 
bias. Heckman’s two-step method is used to alleviate 
the potential bias (Heckman, 1979). Specifically, as 
shown in Table A5 (in the Appendix), we use the 
Heckman two-step method for the panel data, and 
Model 13 shows significantly negative coefficients for 
the quadratic term of assortment size. In addition, we 
replicated the model specified by Zahavi and Lavie 
(2013) in Model 14, which considers autocorrelation 
and self-selection bias, respectively. The results for 
Model 15 that combined autocorrelation with 2SLS 
estimations shows patterns similar to those revealed in 
our results. We enhance our theorization of the 
competition-intensifying effect by replacing market 
density with market concentration because both 
measures represent competition in the market. The 
result in Model 16 shows a significant pattern, 
although the interaction term between assortment size 
and market concentration becomes somewhat weaker 
than that of market density. To further relieve the 
“large-sample, small p-value” concern, we replicated 
our results based on a 5% random sample in Model 17 
(sellers= 500, observations =3603). The results remain 
nearly identical to those of our original data set used in 
Model 12. 
6 General Discussion and 
Conclusion 
6.1 Theoretical Contributions 
Our paper centers on the nature of the relationship 
between assortment size and online seller performance 
in a unique Chinese online retailing context. We find 
that there is an inverted U-shaped association between 
assortment size and online sellers’ performance, 
signaling the existence of a turning point. Moreover, 
the turning point shifts toward the left in the situation 
when there are extensive competitors in their market or 
online sellers must manage an assortment with high 
product uncertainty. 
First, our findings regarding the inverted U-shaped 
curve contribute to the assortment size literature by 
challenging the long-held assumption that assortment 
size linearly influences performance. In previous 
studies, such an assumption of linearity has resulted in 
mixed and conflicting assertions about whether 
assortment size influences performance positively or 
negatively. By removing the burden of the linearity 
assumption, we propose that the seemingly 
inconsistent results in the extant literature can be 
explained by the dynamics between simultaneous 
consumer utility and the competition-intensifying 
effect. On the one hand, moderately eliminating low-
selling product categories for sellers such as grocery 
retailers can effectively boost sales (Boatwright & 
Nunes, 2001) because such reduction will reduce the 
competition-intensifying effect without decrementing 
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the benefits derived from the consumers’ simultaneous 
utility. On the other hand, a large-scale assortment 
reduction will undesirably harm retailers’ performance 
(Borle et al., 2005) because a dramatic decrease of 
assortment size will significantly weaken the 
simultaneous consumer utility. Therefore, our finding 
of the curvilinear relationship conveys a tradeoff 
between the dynamics and offers a more 
comprehensive understanding of the impacts of 
assortment size on performance, providing a 
broadened perspective for future theoretical work to 
further explore the dynamic influence of assortment 
size.  
Second, we identify two key influencing factors that 
moderate the impacts of assortment size on sellers’ 
performance. Among them, market density illuminates 
that the effect of assortment size on performance is 
subject to the influence of environmental factors and 
shows that the assortment size decisions of online 
sellers are particularly vulnerable to the turbulent 
environment of e-commerce platforms. In contrast, the 
role of product uncertainty illustrates that the effect of 
assortment size varies across different seller scenarios. 
Moreover, the moderation effects of market density 
and product uncertainty are demonstrated in that they 
shift the turning point of the inverted U-shaped curve. 
Therefore, this suggests that market density and 
product uncertainty should be included as scenario-
based constraints in the analytical models of 
assortment planning for performance maximization. 
6.2 Practical Implications 
Our findings provide managerial implications for both 
e-commerce platforms and online sellers. First, 
whereas the conventional assumption suggests that 
“the more, the better,” the inverted U-shaped curve 
indicates that, at least for online sellers, “Going too far 
is as bad as not going far enough.” That is, adding too 
many new product categories is as detrimental to 
sellers’ performance as maintaining too small an 
assortment. For sellers whose assortment size is 
relatively small, when resources permit, introducing a 
new product category usually yields significant gains 
in performance. For instance, according to the analysis 
of effect size shown in Figure 8, enlarging the 
assortment from 1 to 2 will result in a sales increase of 
16.48% on average. However, if the number of product 
categories has already exceeded the turning point, the 
expansion of assortment will adversely affect sellers’ 
performance at an increasing rate. 
Moreover, in light of the moderation effects of market 
density and product uncertainty, different assortment 
management strategies should be applied according to 
specific scenarios. Typically, in the scenario where 
both market density and product uncertainty are high, 
sellers should be advised to carefully calibrate the 
number of product categories that they carry, such that 
the assortment size does not deviate much from the 
turning point, because in this scenario a slight variation 
of assortment size may lead to significant changes in 
performance. In the opposite scenario where both 
market density and product uncertainty are low, sellers’ 
performance is much less sensitive to the variation of 
assortment size. Therefore, in this scenario, sellers may 
adopt a more flexible assortment management strategy 
according to their own aims and characteristics.  
Sellers aiming to exploit the simultaneous consumer 
utility may aggressively expand their assortment size, 
whereas those who prefer to avoid intensive 
competitions may choose to modestly control the range 
of product category. In the third scenario where market 
density is high but product uncertainty is low, sellers 
are not advised to manage a large number of product 
categories because the turning point of the inverted U-
shaped curve is located at a relatively low level of 
assortment size. However, sellers in this scenario still 
have freedom in their choices of assortment size 
because the inverted U-shaped curve is not much steep 
when product uncertainty is low. In the last scenario 
where market density is low and product uncertainty is 
high, sellers may be advised to carry relatively more 
product categories in order to exploit simultaneous 
consumer utility because the turning point of the curve 
is located at a higher level of assortment size; however, 
they should also carefully adjust their assortment 
because the high product uncertainty makes the curve 
steeper in this scenario. 
In addition, e-commerce platforms can facilitate online 
sellers’ assortment management by offering pertinent 
suggestions based on scenario analysis. For example, 
for a seller in the “mother & baby” department 
considering introducing either “toys / dolls / figurines” 
or “baby formula / baby nutrition,” the platform could 
remind the seller that although the market density is 
relatively temperate, it would be better not to enlarge 
their assortment but to specialize in a limited number 
of product categories, as there is a great deal of product 
uncertainty associated with their assortment. If the 
seller must decide which category to introduce, the 
platform could advise that, in order to offset the 
potential deficits related to the introduction, online 
sellers must devote efforts to mitigating product 
uncertainty by methods such as enabling buyer-seller 
interactions (Ou & Davison, 2016; Ou, Pavlou, & 
Davison, 2014) and providing a mechanism to offer 
real consumption information (Wang & Sheng, 2016). 
6.3 Limitations and Future Work 
Our empirical study is based on a random sample of 
online sellers from Taobao.com, which is a unique and 
highly contextualized data set that may not necessarily 
apply to other contexts or environments. However, in 
the development of our research hypotheses, we 
assumed a general representation of online retailing 
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and did not consider contextual factors, particularly the 
unique characteristics of e-commerce platforms in 
China. In this sense, one major limitation of our current 
research is that the contextual effects of e-commerce 
platforms in China have not been systematically 
explored. Contextual factors, such as national-level 
cultural differences, major legal framework 
differences, and major competitive structural 
differences, may account for the differences between 
the findings in the literature concerning China versus 
other e-commerce environments and may also affect 
our results. In particular, e-commerce practice in China 
might differ from that in other countries, especially in 
terms of underlying individual-level culture and 
socialization (Welter, 2011), which could also shape 
consumer preferences and online sellers’ assortment 
choices. 
Therefore, a direction for our future research would be 
to incorporate context effects to further develop our 
research model to examine what aspects of our 
findings may have resulted from the specific 
characteristics of e-commerce in China. Because 
contexts set boundaries for actions (Welter, 2011) and 
conceal the variability of the variables of focal interest 
(Rousseau & Fried, 2001), a context-dependent 
perspective would not only deepen our understanding 
of the effects of assortment size in China but would 
also increase the generalizability of our theoretical 
model (Boss, Galletta, Lowry, Moody, & Polak, 2015). 
In light of the contextualization approach to context-
dependent theories (Breward, Hassanein, & Head, 
2017; Burton-Jones & Volkoff, 2017; Rousseau & 
Fried, 2001; Whetten, 2009), contextual factors can be 
incorporated in two possible forms. The first 
possibility would be to contextualize the meaning of 
the explanation, namely the independent variables. 
Following this route, the meaning and implications of 
assortment size in the e-commerce context of China 
can be interpreted by considering cultural 
characteristics such as the particular values on 
harmony and fit (Guo & Zhang, 2010; Zhang, Guo, 
Chen, & Chau, 2009), which might offer further 
insights for understanding the nonlinear relationship 
between assortment size and sales performance. 
The second possible form for incorporating context 
effects would be to introduce the contextual factors as 
moderators. In this sense, national culture dimensions 
such as uncertainty avoidance might be considered for 
cross-country comparisons. Uncertainty avoidance, 
which refers to the degree to which members of society 
feel uncomfortable with uncertainty and ambiguity 
(Hofstede 1984, p. 83), has been shown to be a cultural 
value that has highly influential impacts on consumer 
preferences (Cyr, 2008; Lim, Leung, Sia, & Lee, 2004; 
Sia et al., 2009; Yoon, 2009). China is a country of low 
uncertainty avoidance (Guo & Zhang, 2010), in which 
consumers are less likely to avoid uncertainty (Srite & 
Karahanna, 2006). One possible influence of low 
uncertainty avoidance is that the optimal assortment 
size for online sellers in China might be greater than 
that in other settings. With low uncertainty avoidance, 
Chinese online consumers might be more inclined to 
make purchase decisions based on convenience. 
Consequently, online sellers in China might capture 
more simultaneous consumer utility but experience 
less of a competition-intensifying effect, resulting in a 
greater optimal assortment size. 
Another direction for future research would be to 
investigate the effects of omni-channels in shaping the 
role of assortment size. Channel difference is a salient 
factor in online retailing (Ma, 2016). It would be of 
great managerial value to understand the way that 
retailers manage their assortment sizes in mobile, PC-
based, and offline channels. In addition, other factors 
such as online review systems (Berger, 2014), trust-
building mechanisms (Ba & Pavlou, 2002), and buyer-
seller interaction mechanisms (Ou et al., 2014) may 
also be considered by such research. 
6.4 Conclusion 
Our research investigates the effect of assortment size 
on online sellers’ performance in a unique Chinese 
online retailing context. Our finding of an inverted U-
shaped relationship breaks up the long-held 
assumption of linearity—that assortment size 
influences performance linearly. Thus, we advocate 
that additional theoretical attention be given to the 
nonlinear effect of assortment size. Furthermore, the 
effects of two contextually unique moderators, market 
density and product uncertainty, demonstrate how 
context shapes the effect of assortment size. Hence, our 
research deepens the understanding of context effects 
in the assortment size literature and highlights the 
distinction in assortment management made by online 
channels. We believe our research will create value for 
both e-commerce platforms and online sellers.  
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Appendix 
Table A1. Literature Review: Effect of Assortment Size 
Reference Channel Assortment size 
Dependent 
variable 
Effect 
Boundary 
condition 
Mechanism Methodology 
Hong, Misra, & 
Vilcassim (2016) 
Offline Entropy measure  
Purchase 
incidence 
Positive 
Display 
proximity 
Cognitive 
resource 
Econometric 
model 
Chernev (2006) Offline 
Number of 
options 
Assortment 
choice 
Contingent Decision focus 
Decision 
complexity 
Lab 
experiment 
Boyd & Bahn 
(2009) 
Offline 
Number of 
options 
% Choosing 
high variety 
assortment etc. 
Contingent Assortment risk 
Choice 
confidence and 
level of 
stimulation 
Lab 
experiment 
Kwak, Duvvuri, & 
Russell (2015) 
Offline 
Number of 
options 
Sales Contingent Quality 
Chernev -
Hamilton 
theory 
Econometric 
model 
Xu, Jiang, & Dhar 
(2013) 
Offline 
Number of 
options 
Choice 
difficulty 
Contingent 
Mental 
representation 
- 
Lab 
experiment 
Goodman & 
Malkoc (2012) 
Offline 
Number of 
options 
Choice, 
willingness to 
pay 
Contingent 
Psychological 
distance 
Construal-level 
theory 
Lab 
experiment 
Diehl & Poynor 
(2010) 
Offline 
Number of 
options 
Satisfaction Negative - 
Expectation-
disconfirmation 
theory 
Lab 
experiment 
Redden & Hoch 
(2009) 
Offline Number of items 
Quantity 
perception 
Negative  
Perceptual 
grouping 
Lab 
experiment 
Briesch, 
Chintagunta, & 
Fox (2009) 
Offline 
Number of 
brands, number 
of SKUs 
Consumer 
store choice 
Contingent 
Characteristics of 
assortment size 
- 
Econometric 
model 
Sela, Berger, & 
Liu (2009) 
Offline 
Number of 
options 
Option easy to 
justify 
Positive - 
Justification 
(choice 
difficulty) 
Lab 
experiment, 
field 
experiment 
Chernev & 
Hamilton (2009) 
Offline Number of items 
Choice of 
retailer 
Contingent 
Option 
attractiveness 
Information 
search pattern 
Lab 
experiment, 
Field 
experiment 
Chernev(2003b) Offline 
 Number of 
choices  
Strength of 
preference for 
selected option 
Contingent 
Ideal point 
availability 
Decision 
difficulty 
Lab 
experiment 
Iyengar & Lepper 
(2000) 
Offline 
Number of 
choices 
Option 
preference 
satisfaction 
Negative - Regret 
Lab 
experiment 
Broniarczyk,  
Hoyer, & 
McAlister (1998) 
Offline 
Number of 
SKUs 
Store choice Negative 
Favorite product 
available, 
Shelf space 
Assortment 
perception 
Field 
experiment 
Kahn &Lehmann 
(1991) 
Offline 
 Number of 
options 
Preference for 
assortment 
Positive 
Future preference 
uncertainty 
- 
Theoretical 
modeling, 
Lab 
experiment 
Borle et al (2005) Online 
Reduction in 
items within a 
category 
Shopping 
frequency 
Purchase 
quantity 
Negative Product category - 
Econometric 
model 
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Table A1. Literature Review: Effect of Assortment Size 
Chang (2011) Online 
Number of 
options 
Purchase 
intention, store 
satisfaction, 
etc. 
Inverted 
U-shaped 
Choice 
uncertainty 
- 
Lab 
experiment 
Diehl, Kornish, & 
Lynch (2003)  
Online 
Number of 
options 
Price Negative Ordered search 
Competition 
effect 
Lab 
experiment 
Boatwright & 
Nunes (2001) 
Online 
Reduction in 
number of skus 
Sales Positive 
Types of SKU 
reduction 
- 
Natural 
experiment 
Ma (2016) 
Online 
vs. 
Offline 
 Number of 
SKUs (denoted 
by channel) 
Customer 
spending 
Positive 
Mainline items or 
niche items 
Lower search 
cost online 
Natural 
experiment 
Brynjolfsson, Hu, 
& Smith (2003) 
Online 
vs. 
Offline 
 Introduction of 
new products 
Consumer 
welfare 
Positive -  
Econometric 
model 
 
Table A2. Descriptive Statistics and Correlations  
Constructs 
Mea
n 
SD 1 2 3 4 5 6 7 8 9 10 11 12 13 14 
1. Sales 8.96 1.88               
2. Assortment size 3.24 3.58 0.241              
3. Ln (Market 
density) 
9.91 0.81 
-
0.031 
0.076             
4. Product 
uncertainty 
0.66 0.44 0.068 
-
0.027 
0.300            
5. Transactions as a 
buyer 
175.8
9 
312.1
1 
0.055 
-
0.067 
-
0.005 
-
0.073 
          
6. Country 0.97 0.18 
-
0.118 
-
0.080 
-
0.015 
-
0.053 
0.069          
7. Firm age 99.04 18.87 0.058 0.055 
-
0.015 
-
0.015 
0.307 0.114         
8. Firm size 
3,990
.34 
18,83
9.51 
0.219 0.174 0.034 
-
0.002 
0.082 
-
0.048 
0.093        
9. Strategy change 0.13 0.34 
-
0.149 
0.116 
-
0.025 
-
0.036 
0.031 0.028 0.026 
-
0.033 
      
10. Negative ratings 7.99 63.31 0.084 0.071 0.011 
-
0.011 
0.033 0.020 0.018 0.503 
-
0.015 
     
11. Neutral ratings 15.11 
215.7
5 
0.095 0.085 0.032 
-
0.003 
0.022 0.011 0.041 0.822 
-
0.016 
0.467     
12. Rating category 7.43 2.32 0.479 0.312 0.071 0.086 0.194 
-
0.067 
0.280 0.342 
-
0.091 
0.151 0.154    
13. Rating category 
dummy 
1.90 0.50 0.398 0.274 0.059 0.068 0.168 
-
0.056 
0.235 0.313 
-
0.069 
0.136 0.144 0.848   
14. Market sales 19.54 0.97 0.090 0.016 0.712 0.300 0.054 
-
0.006 
0.025 0.043 
-
0.072 
0.029 0.028 0.096 0.082  
15. Market HHI 1.00 0.01 0.046 0.047 0.200 0.290 
-
0.070 
-
0.026 
-
0.018 
-
0.003 
-
0.019 
0.000 0.007 0.040 0.038 0.063 
Note: * Because market density has an extremely high mean value, we log transform it before presenting the statistics and using it in our model. 
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Table A3. Results from First-Stage Regressions 
Variables 
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
 Assortmentt Assortmentt
2
  Assortmentt 
*Density
t
 
Assortmentt
2 
* Density
t
 
 Assortmentt 
*Uncertainty
t
 
Assortmentt
2 
* Uncertainty
t
 
Transactions as a buyer
t-1
 
-0.035** -0.263*** -0.023 -0.644** 0.015** -0.028 
(0.016) (-0.117) (0.015) (0.290) (0.007) (0.035) 
Transactions as a buyer
t-1
2
 
0.000* 0.002* 0.000 0.006** -0.000** 0.000 
(0.000) (-0.001) (0.000) (0.003) (0.000) (0.000) 
Transactions as a buyer
t-1
* Density
t-1
 
-0.031* -0.874*** -0.149*** -1.846** 0.003 -0.089 
(0.017) (0.224) (0.029) (0.936) (0.013) (0.096) 
Transactions as a buyer
t-1
2 * Density
t-1
 
0.001 0.029*** 0.007*** 0.091** -0.001 -0.002 
(0.001) (0.010) (0.001) (0.042) (0.001) (0.004) 
Transactions as a buyer
t-1
* Uncertainty
t-1
 
0.042* 0.092 0.086*** 2.055** -0.114*** -0.783*** 
(0.022) (0.272) (0.029) (1.001) (0.015) (0.107) 
Transactions as a buyer
t-1
2 * Uncertainty
t-1
 
-0.001 -0.007 -0.003*** -0.071* 0.003*** 0.008* 
(0.001) (0.010) (0.001) (0.037) (0.001) (0.004) 
Market density
t-1
  
-0.000*** -0.000 0.000*** 0.000*** -0.000*** 0.000 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Product uncertainty
t-1
  
-0.836*** -12.375*** -0.662*** -6.569*** 1.768*** 4.266*** 
(0.066) (1.646) (0.070) (1.814) (0.041) (0.897) 
Firm age
t-1
 
(0.074) (0.727) (0.075) (0.745) (0.071) (0.665) 
0.405 24.565 0.116 19.516 0.213 20.331 
Firm sizet-1 
(0.337) (16.837) (0.372) (18.078) (0.295) (15.513) 
0.000*** 0.000** 0.000* 0.000 0.000*** 0.000* 
Negative ratings
t-1
 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
-0.000 0.008 0.001 0.025 0.000 0.007 
Neutral ratings
t-1
 
(0.001) (0.019) (0.001) (0.017) (0.001) (0.015) 
-0.000 0.029* 0.000 0.032 0.000 0.021 
Rating category
t-1
 
(0.000) (0.017) (0.001) (0.024) (0.000) (0.014) 
0.078*** 0.823*** 0.035*** 0.152 0.044*** 0.287 
Diamondt-1 
0.011 0.344 -0.037 -0.304 -0.009 -0.047 
(0.026) (0.485) (0.025) (0.470) (0.017) (0.286) 
Blue Crownt-1 
-0.054 -1.159 -0.090 -0.910 0.043 1.299 
(0.074) (2.562) (0.081) (2.436) (0.055) (1.818) 
Strategy change
t-1
 
0.146*** 1.605*** 0.054** -0.067 0.078*** 0.668*** 
(0.020) (0.425) (0.027) (0.619) (0.014) (0.256) 
Market salest-1 
0.063*** 0.794** 0.217*** 1.802*** 0.061*** 0.461** 
(0.020) (0.373) (0.024) (0.418) (0.013) (0.232) 
Market HHIt-1 
0.648 4.731 1.714*** 42.553** 0.673*** 4.807 
(0.423) (7.518) (0.585) (17.036) (0.185) (4.648) 
Month FE Yes Yes Yes Yes Yes Yes 
Seller FE Yes Yes Yes Yes Yes Yes 
Country*Month FE Yes Yes Yes Yes Yes Yes 
Category*Month FE Yes Yes Yes Yes Yes Yes 
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Table A3. Results from First-Stage Regressions 
Adjusted R2 0.134 0.118 0.233 0.131 0.190 0.117 
Number of observations  74,226  74,226  74,226  74,226  74,226  74,226 
Number of sellers 8128 8128 8128 8128 8128 8128 
Note: Intercept is not shown. Standard errors in brackets. “Month FE” is month fixed effect, which captures intertemporal trends, and “Seller 
FE” denotes seller-level fixed effect. “Country*Month FE” and “Category*Month FE” capture the intertemporal trend for country and category 
level fixed effect, respectively. *** p < 0.01, ** p < 0.05, * p < 0.1 
Table A4. Results from Second-Stage Regressions 
Variables 
Model 7 Model 8 Model 9 
Model 
10 
Model 
11 
Model 12 
Salest+1 
Assortmentt 
 0.069*** 0.153*** 0.181*** 0.118*** 0.144*** 
 (0.005) (0.010) (0.017) (0.021) (0.023) 
Assortmentt
2
 
  
-
0.002*** 
-
0.003*** 
-0.002** -0.002*** 
  (0.000) (0.000) (0.001) (0.001) 
Assortmentt* Densityt 
   -0.052**  -0.087** 
   (0.025)  (0.038) 
Assortmentt
2* Density
t
 
   0.001  0.002 
   (0.001)  (0.001) 
Assortmentt* Uncertaintyt 
    0.074** 0.106*** 
    (0.032) (0.036) 
Assortmentt
2* Uncertainty
t
 
    -0.002** -0.003*** 
    (0.001) (0.001) 
Market density
t
 
-
0.000*** 
-
0.000*** 
-
0.000*** 
-0.000 -0.000 0.000 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Product uncertainty
t
 
-0.088 -0.004 0.046 0.038 -0.139* -0.218** 
(0.054) (0.041) (0.042) (0.042) (0.083) (0.093) 
Firm age
t
 
-0.155 -0.185 -0.143 -0.155 -0.037 -0.059 
(0.167) (0.199) (0.196) (0.195) (0.199) (0.198) 
Firm sizet 
0.000** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Negative ratings
t
 
-0.001* 
-
0.001*** 
-
0.001*** 
-0.001** 
-
0.001*** 
-0.001*** 
(0.001) (0.000) (0.000) (0.000) (0.000) (0.000) 
Neutral ratings
t
 
-0.001* 
-
0.001*** 
-
0.001*** 
-
0.001*** 
-
0.001*** 
-0.001*** 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Rating category
t
 
0.152*** 0.138*** 0.126*** 0.125*** 0.126*** 0.126*** 
(0.013) (0.009) (0.009) (0.009) (0.009) (0.009) 
Diamondt 
0.055* 0.055** 0.055** 0.054** 0.055** 0.052** 
(0.033) (0.024) (0.023) (0.023) (0.024) (0.024) 
0.013 0.023 0.030 0.028 0.012 0.007 
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Table A4. Results from Second-Stage Regressions 
Blue Crownt (0.068) (0.044) (0.043) (0.043) (0.047) (0.047) 
Strategy change
t
 
-
0.086*** 
-
0.098*** 
-
0.110*** 
-
0.111*** 
-
0.101*** 
-0.101*** 
(0.016) (0.015) (0.014) (0.015) (0.015) (0.015) 
Market salest 
0.118*** 0.112*** 0.108*** 0.116*** 0.108*** 0.121*** 
(0.024) (0.020) (0.020) (0.020) (0.021) (0.021) 
Market HHIt 
0.459 0.375 0.306 0.314 0.360 0.380 
(0.707) (0.496) (0.495) (0.496) (0.509) (0.511) 
Month FE Yes Yes Yes Yes Yes Yes 
Seller FE Yes Yes Yes Yes Yes Yes 
Country*Month FE Yes Yes Yes Yes Yes Yes 
Category*Month FE Yes Yes Yes Yes Yes Yes 
Number of observations 81,547 81,094 81,094 81,094 74,226 74,226 
Number of sellers 9,096 8,643 8,643 8,643 8,128 8,128 
Centered R2 0.060 0.073 0.077 0.076 0.076 0.074 
F-statistics 30.39*** 20.30*** 
20.74 
*** 
20.59 
*** 
18.72 
*** 
18.58 *** 
Note: The number of observations varies due to missing data. Intercept is not shown. Standard errors in brackets. “Month FE” is month fixed 
effect. “Seller FE” is category-level fixed effect. “Country*Month FE” and “Category*Month FE” capture the inter-temporal trend for country 
and category level fixed effect, respectively. *** p < 0.01, ** p < 0.05, * p < 0.1 
Table A5. Alternative Model Results 
Variables 
Model 13 Model 14 Model 15 Model 16 Model 17 
Heckman  
two-step 
Zahavi & Lavie 
(2013) 
AR (1) +2SLS 
Market 
concentration 
5% sample size 
Salest+1 
Assortmentt 
0.073*** 0.001 -0.023 0.130*** 0.174** 
(0.017) (0.007) (0.015) (0.022) (0.076) 
Assortmentt
2
 
-0.001*** 0.000* -0.001** -0.002*** -0.008* 
(0.000) (0.000) (0.001) (0.001) (0.004) 
Assortmentt* Densityt 
-0.021** -0.001* -0.087***  0.191** 
(0.001) (0.006) (0.016)  (0.088) 
Assortmentt
2* Density
t
 
0.000* 0.000 0.002***  -0.005 
(0.000) (0.000) (0.001)  (0.005) 
Assortmentt* Uncertaintyt 
0.050** 0.004 0.110*** 0.103*** 0.214*** 
(0.022) (0.007) (0.015) (0.037) (0.061) 
Assortmentt
2* Uncertainty
t
 
-0.001** -0.000 -0.002*** -0.003** 0.010*** 
(0.000) (0.000) (0.001) (0.001) (0.003) 
Assortmentt* Concentrationt 
   -0.045*  
   (0.027)  
Assortmentt
2* Concentrationt 
   0.000  
   (0.001)  
Market density
t
  
-0.000 0.000 -0.000*** -0.000 -0.000 
(0.000) (0.000) (0.000) (0.000) (0.000) 
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Table A5. Alternative Model Results 
Product uncertainty
t
  
-0.155 -0.002 -0.235*** -0.184** -0.347* 
(0.142) (0.018) (0.038) (0.090) (0.185) 
Firm age
t
 
-0.238 -0.002*** -0.008*** -0.032 -0.004** 
(0.217) (0.000) (0.000) (0.199) (0.002) 
Firm sizet 
0.000 0.000*** 0.000*** 0.000*** 0.000*** 
(0.000) (0.000) (0.000) (0.000) (0.000) 
Negative ratings
t
 
-0.000 -0.000* -0.001*** -0.001*** 0.000 
(0.001) (0.000) (0.000) (0.000) (0.003) 
Neutral ratings
t
 
-0.001 -0.000*** -0.001*** -0.001*** -0.004*** 
(0.000) (0.000) (0.000) (0.000) (0.001) 
Rating category
t
 
0.076* 0.043*** 0.330*** 0.122*** 0.338*** 
(0.040) (0.003) (0.007) (0.009) (0.036) 
Diamondt 
0.099 -0.074*** -0.346*** 0.063** -0.615*** 
(0.084) (0.015) (0.0330) (0.025) (0.148) 
Blue Crownt 
0.045 0.033 0.092 -0.020 -0.234 
(0.120) (0.026) (0.062) (0.047) (0.271) 
Yellow Crownt 
 0.0000 0.0000  0.000 
 (0.000) (0.000)  (0.000) 
Strategy change
t
 
-0.134 -0.029** -0.598*** -0.102*** -0.838*** 
(0.155) (0.013) (0.023) (0.015) (0.105) 
Market salest 
0.137** -0.096*** 0.175*** 0.125*** 0.282*** 
(0.057) (0.008) (0.018) (0.022) (0.075) 
Market HHIt 
0.387 0.302 0.931 0.745 7.200 
(2.148) (0.347) (0.906) (0.545) (4.421) 
Salest 
 0.829***    
 (0.003)    
λ 
0.005     
(0.789)     
Constant 
30.623 2.883*** 3.405***  -5.890 
(24.029) (0.386) (0.985)  (4.486) 
Month FE Yes Yes Yes Yes Yes 
Seller FE Yes Yes Yes Yes Yes 
Country*Month FE Yes Yes Yes Yes Yes 
Category*Month FE Yes Yes Yes Yes Yes 
R-square 0.079 0.329  0.0740 0.117 
F statistics /Wald Chi 2.23e+09 4204.47 371.91 18.46 191.26 
Number of observations 15,141 74,794 74,819 74226 3603 
Number of sellers 6,171 7,366 - 8128 500 
Note: Intercept is not shown. Standard errors in brackets. “Month FE” represents month fixed effect, which captures inter-temporal trends, and 
“Seller FE” denotes retailer-level fixed effect. “λ” stands for λ parameters based on the predicted values from the first-stage results of Heckman’s 
two-step method. “Country*Month FE” and “Category*Month FE” capture the inter-temporal trend for country and category level fixed effect, 
respectively. *** p < 0.01, ** p < 0.05, * p < 0.1. 
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